, most of the nodes have only a few interactions, whereas a few nodes with a large number of interactions are tended to be hubs. We further examined the degree distributions of three kinds of nodes in the DIN. As shown, the general degree distribution of nodes that are inter-genes was significantly greater than that of nodes that are disease genes only, with a p-value of 0.005 (Wilcoxon's Rank-Sum Test, Figure 2C ). Similarly, it was also significantly higher, when comparing the degree distribution of inter-genes with inflammation genes only (p 5 0.0012, Wilcoxon's Rank-Sum Test, Figure 2C ). While those nodes in the DIN that are inflammation genes only had a median degree of 3, which is definitely equal to that of nodes that are disease genes only (p 5 0.0628, Wilcoxon's Rank-Sum Test, Figure 2C ). Besides, in order to properly control the analysis of inflammation genes and disease genes, we again compared them with non-disease genes in the original S6 6 S6 6 S6 6 6 6 6 6 6 S S6 6 S SS S SS S SS S S S S S GP1B GP1B GP GP P1B B P P P P P P1B P P P G G G G G N E1 E1  TPM TP TPM TP PM M  TPM TPM TPM TP   S10 100 0A A2 2 
TTF1 T T T T T T TTF T T T T T T T T T T ZF Z Z GCSH H C GC G G SH SH H SH
A A A P P P P P MP MP P BM M B B B P P P P BMP B B BM M MP P P P P P P P P BMP B BMP7 7 7 7 7 7 7 7 7 7 7 7 7 7 7 7 N N N N EN EN E EN N EN E E E PS S S P P P P P NEN NE EN E ENE N PS S S EN E E E T3 T3 T3  CS CST T T3 3  T3 T3 T T T L1CA CAM M M M P P P P PLP PLP PLP P P LP P PLP P P P1 1 1 1 
AP AP AP AP P AP P P P PP P P P P P P
CR1 CR R1
ITGA ITGAX X PAK3 3 3 3
EPHB P E 1 1 R DR RA A P PL LA2G G5 5P P P P 5 
T T E E L 1E E E E1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
YL L MYL L MY 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 
AIR RE E PC C XPC PC C PC PC P P P P P P P P P PC C 2 2 2 2 2 2 2 2 2 2 2 2 2 2 NCD NCD CD2 2 2 2 2 2 2 2 2 2 2 2 TMSB TMSB S TM T B M M T T B B4 4 4X X X X X X X X X D1 D1 D1 D1 1 1 2 S2 S2 PTGS2 PT T PT T T T P PTGS PT T T S PTG PT T T P P GS S S2 S P P P P P P P P P P P P P PPI network. As indicated, the general degree distribution is significantly higher when comparing inflammation genes with non-disease genes (p 5 6.8293e-07, Wilcoxon's Rank-Sum Test, Supplementary  Figure 1) , as well as comparing disease genes with non-disease genes (p 5 2.4687e-75, Wilcoxon's Rank-Sum Test, Supplementary Figure 1) . Moreover, in the DIN, the shortest paths show a similar tendency just as the degree distributions for the three kinds of nodes, with nodes that are inter-genes having significantly shorter length of paths. The clustering coefficient of each node in the network is a measure of the tendency of nodes in a network to form clusters or groups 12 . In Figure 2D , we found that, with an increase in the node degree, the clustering coefficient decreases. In addition to clustering coefficient, the topological coefficient is also computed 13 , which is used to measure the extent to which a node shares links with the others in a network. As shown in Figure 2E , with an increase in the node degree, the topological coefficient increases, which was consistent with previous researches on biological network structures [14] [15] [16] . Additionally, in consideration of the accuracy of topological analysis, we also compared mean values of degree (Supplementary Figure 2) , clustering coefficient (Supplementary Figure 3) , and topological coefficient (Supplementary Figure 4) of all nodes in the DIN with random distribution, separately. 1000 random DINs were extracted from 1000 random PPI networks, using edge permutation with degree of each node in the original PPI unchanged. As shown, all these topological parameters were significantly higher as comparing with the random distributions.
To further confirm the reality of the DIN, the number of nodes and edges in the real DIN were also compared with the random distribution. As shown in Figure 3 , the average number of nodes and edges across 1000 random DINs were significantly smaller than that of the real DIN.
Characterization of the functional cross-links between disease and inflammation genes at a network level. To explore the functional cross-links between disease and inflammation genes, we further mapped 121 inter-genes to the human PPI network and then calculated the significance of the overlap between inter-genes and the PPI network through hypergeometric distribution. With 121 inter-genes mapped to the human PPI network, a significant overlap was observed with a p-value of 3.6713e-32 ( Figure 4A , hypergeometric distribution). Subsequently, we focused on the 121 overlapping genes, which formed a new network with the maximal connected component containing 32 genes and 49 relationships ( Figure 4B ). As shown by the result, inflammation genes tend to be associated with multiple disease genes, which indicates an important role of inflammation genes in contributing to genetic diseases in the network. We also examined the distribution of 121 genes into 18 disease classes according to the GAD classification system by excluding the classes ''unknown'' and ''other'' ( Figure 4C ). We showed that the class ''immune'' overlaps with most inflammation genes, which suggests that alterations in the focal inflammatory microenvironment are more associated with immunity. Furthermore, some inter-genes are shared by different disease classes, termed as multiple diseases (MD), as illustrated in Figure 4B , which shows the multiple functions of inflammation in various genetic diseases ( Figure 4C) .
To show the statistical significance of the overlap between inflammation and disease genes, the p-value and fold-enrichment ratios (FER) were calculated ( Figure 4D ). Only four classes, namely chemo-dependency, developmental, normal variation, and psychological disease, were not significant (p . 0.001). We termed these diseases as non-inflammation-related diseases (NIRD). On the contrary, those diseases with a significant overlap with inflammation were termed as inflammation-related diseases (IRD). In addition to the most highly associated class ''immune'', the disease class cardiovascular, infection, and cancer were also in relation to inflammation, which has been supported by literature 17, 18 . In order to measure the contribution of inflammation genes to the connections between one disease to another, we further examined the Intimacy of each pair of diseases in the two disease categories of IRD and NIRD (details in Methods). For each pair of diseases, we constructed 1000 random pseudo-inflammation gene sets, and then computed the random Intimacy values to construct a random distribution. By comparing the real Intimacy with the random distribution of Intimacy, we could define the significance of the Intimacy for the pair of diseases ( Figure 5A) .
As indicated by the results, Intimacy, among IRD tended to be higher than that in NIRD, which suggests the potential functions of inflammation genes in bridging the connection between each pair of diseases. Biologically, the computation of Intimacy is designed to take the direction of disease conversion between each pair of diseases into consideration. Therefore, in order to measure the general level of Intimacy between each disease pair, we ranked all disease pairs based on the sum of Intimacy for each disease pair with direction information (i.e. sum of Intimacy from disease A to B and that from disease B to A; Supplementary Table 1 ). The most associated disease classes bridged by inflammation genes are ''immune'' and ''infection'', which has already been supported by literature [19] [20] [21] . Therefore, Intimacy defined by inflammation genes, which are also part of immune response and infection, contributing to the connections between immune and infection is unsurprisingly the most relevant one. Others ranking in the top 5 includes disease pair of cardiovascular and metabolic (Supplementary Figure 5) 22 ,23 , cardiovascular and immune (Supplementary Figure 6 ) 24, 25 , and aging and cancer (Supplementary Figure 7) 26,27
, whose connections have already been shown in relation with the bridgeness of inflammation genes. Disease pair of normal variation and metabolic was suggested by us to be newly involved. As supported by the literature 28, 29 , metabolic system is one of the most fundamental requirements for survival, whose proper function is mutually dependent on immune response. Inflammation could cause disequilibrium of the mutual dependence of metabolic and immune systems and then lead to chronic disorders of homeostasis. Beta-glucuronidase belonging to the disease class of normal mutation, which is generally known to be associated with inflammation in the exudates from gingival 30 . We therefore inferred the disease pair of normal variation and metabolic could be bridged by inflammation genes in proper conditions.
To further explain in detail the Intimacy bridged by inflammation genes, we focused on two specific disease pairs. The maximal connected component of the genes of each given pair of diseases was generated after mapping these genes to the human PPI network and then defined as the gene module of this pair of disease classes. We took the gene modules of two pairs of diseases as examples: the pair of infection and immunity ( Figure 5B ) and the pair of infection and cancer ( Figure 5C ). Generally, genes with higher degree, such as NFKB1 ( Figure 5B), RXRA ( Figure 5B), RELA ( Figure 5C ) and CCR5 ( Figure 5C ), tend to be hubs in the gene modules, and are believed to have much more impact on the global structure of the module networks. The transcription factor NFKB1 ( Figure 5B ) is the most abundant form of NF-kappa-B, which is complexed with the product of the gene RELA ( Figure 5C ). NF-kappa-B 31,32 is a transcription factor that is activated by various intra-and extracellular stimuli, such as cytokines, oxidant free radicals, ultraviolet irradiation, and bacterial or viral products. The expression of genes regulated by Rel/NFKB members is involved in immunity and apoptotic and oncogenic processes; thus, NFKB1 33 , as an inflammation gene, is important in linking infection and immunity. Because NF-KB plays a well-known function in the regulation of inflammation, we thus reasoned that inflammation bridges infection and immunity. Epidemiologic studies 34, 35 have shown that chronic inflammation predisposes individuals to various types of cancer. Furthermore, it is estimated that the underlying infections that could cause chronic inflammation are linked to approximately 15% of all deaths from cancer worldwide 36 . RELA, as an important inflammatory factor, is involved in linking infection and cancer through the mediator of inflammation [37] [38] [39] . We thus conclude that the inflammation genes NFKB1 and RELA are important in the link between infection and immunity, as well as between infection and cancer. Additionally, disease gene RXRA ( Figure 5B ) and CCR5 ( Figure 5C ) have been partially validated to be linked to the process of immune 40 infection, respectively 42, 43 . Nevertheless, further researches on these two and some other genes are needed to understand the cellular and molecular mechanisms mediated by them underlying those complex diseases.
Further dissection of the functional cross-links based on diseaseand inflammation-related subpathways. To further assess the functional cross-links between disease and inflammation genes, we constructed a subpathway-subpathway network based on diseaserelated subpathways, inflammation-related subpathways, and pathway structure data. Using the iSubpathwayMiner software package, disease class-related and inflammation-related subpathways were generated according to 15149 unique gene-disease associations involving 18 disease classes and 2831 disease genes. Any two subpathways that are significantly enriched for common genes were connected by an edge in the final subpathway-subpathway network if the gene overlapping between them was significant (p , 0.01, hypergeometric distribution). We thus constructed a subpathway-subpathway cross-talk network ( Figure 6A ) with 202 subpathway nodes and 716 edges. (44) kidney (20) metabolic (40) neurological (23) normal variation (5) immune (82) pharmacogenomic (17) reproduction (13) hematological (9) vision (11) developmental (6) chemdependency (7) psychological (13) aging (10) cardiovascular (48) cancer ( In parallel with the two gene modules ( Figure 5B and 5C) generated from the PPI network, two disease-and inflammation-related subpathway-based subnetworks extracted from the subpathway network were much more representative of the bridgeness of disease and inflammation genes. For example, five inflammation-related subpathways (path:04620_3, path:04620_11, path:04722_1, path: 05131_2, and path:04620_9) mediated the connections between infection and immunity ( Figure 6B ). In agreement with Figure 5B , NFKB1 and RELA also emerged as the essential genes in linking infection and immunity when searching for the common genes shared by both inflammation-and infection-related subpathways, as well as inflammation-and immune-related subpathways. Some new genes were also included, such as IRAK4, IRAK1, and MYD88. Shared by multiple immune-, inflammation-, and infection-related subpathways, such as path:05145_1, path:04722_1, and path: 04620_5, the inflammation gene IRAK1 44 is a critical mediator of innate immunity, which is also important in the immune response corresponding to viral infection 45, 46 . Similarly, another IRAK family member, IRAK4, is also in control of the immune response to intracellular infection, such as Chlamydia pneumonia 47 . Furthermore, the sharing of path:05145_1, path:04620_3, and path:04620_11 by the inflammation gene MYD88 is also critical in the connection between CAT   TIRAP   TLR4   EIF2AK2   IL1RL1   TLR2   TLR10   PTGS2   CD55   TP53   SIGIRR   TLR3   LBP   TLR5   TLR6 TLR1   HSPD1   CD14   TLR9  S100A8   PPIA   BDKRB2   SMAD3   NOS3  AGTR1   PTPN11   SELE   CD24  SELP   CREB1 PLCG1   EGFR   SELPLG  SELL   STAT6   RUNX1   NR3C1   CEBPB   IL23A  IL12RB1   DPP4   CXCL12   MS4A2   FCER1A   CD4   CXCR4   IL23R   ETS1   IL13  VCAM1   CCL17   ADRB2   IL1B  CCR4   CCL26  CCL4   IL8   MMP13   CCL3L1   MMP2   DAXX   TGFB1   CCL24   HCK   CTGF   SPARC  COL2A1   STAT1   MMP14  CCL16   CCR5   CCR1   LCK   CCL8   CCL11   CCR3   CXCL10   MMP3   CXCR3   CCL3  MMP7   PRKCA   SPP1   F2   IGFBP5   CD44   CXCR2   CXCR1  NLRC4   CASP1   CXCL2   IL13RA1   CASP9   IL13RA2   NOD1   IRAK1  TRAF6  IL1RAP  IL18R1   TOLLIP   CD40  IL1R1   MS4A1  CD40LG   MIF   IGKC   TRAF5   IGHG1   IL1A   A2M  IL4R   IL1R2  PIK3R1  IL1RN   CCL7  CCL5   ITGAV   TNFRSF1B   IFNG   TNF   CSF1   B   IL1R1   TGFBR1   CASP1   IL1B   IL1RN  ADRB2   IL1A   IL8   MMP7   ADRA1A   CXCR2  CXCR1   CXCL5   CXCL2   CCR3   CCL5   CCL8   STAT5A   CCR5   CCR1   CCL16   CCL11   ARL6IP5   CCL3L1   MMP1  CCL4  CMA1   MMP9   MMP3   F2   SPP1   AGT   EDN1   CCL3   TGFB1   THBS1   MMP13   TGFBR3  CCL7   TGFB2  MMP2   TGFBR2   IL12A   CCL2   JAK1   PTK2   JAK2  CD4   MMP8   TERT  AHR   PPP2R1B   STAT1   PPP1R13L TAF1 SELL   PGR   ACVR2A   PPARD  IL6   NCOA3   ZBTB16   BMP6  BMPR1A   IL4R  HSPA8  CD40  SELE   XRCC6   XRCC5   CAV1   NFKBIA   E2F1   ESR1  GSK3B  TXN infection and immunity mediated by inflammation. Takeuchi et al. 48 confirmed that mice with MyD88 deficiency are highly susceptible to Staphylococcus aureus infection and that immune cells can be activated through the TLR7 MyD88-dependent signaling pathway 49 . With regard to the connection between infection and cancer mediated by inflammation ( Figure 6C ), the IL1B and TNF contained in path: 04620_9 are also implicated in the link between inflammation and cancer, in addition to the above-discussed inflammation genes NFKB1, RELA, MyD88, IRAK4, and IRAK1. Gene polymorphisms in IL1B and TNF could induce cancer risk through an inflammatory microenvironment in several different populations 50, 51 . In addition, the NFKB1 and RELA that reside in the NFkB node of path:04620_9 and the NF-kB signaling pathway that resides upstream of path:04620_9 are important in the tumor-promoting processes activated by inflammation and infection 52 . Interestingly, three subpathways (path:04620_3, path:04620_9, and path:04620_11) reside in the same KEGG pathway, path:04620 (Toll-like receptor signaling pathway; Figure 7) , which is associated with infection, inflammation, and cancer 53, 54 . Furthermore, two inflammation-related subpathways, path:04620_3 and path:04620_ 11, which are associated with immunity and infection mediated by MYD88, are located upstream of path:04620. Moreover, the subpathway path:04620_9 is located downstream of path:04620. Collectively, path:04620_9 is related to the promotion of tumor, which is tightly associated with an inflammatory microenvironment. This might thus suggest that path:04620 (Toll-like receptor signaling pathway) could be a good exhibitor of cancer progression activated by inflammation and infection.
Discussion
The identification of human disease-associated genes has long been of central importance in the study of human genetics. With the establishment of the human disease-disease network, a shift has been seen from the study of disease genes to the study of associations between various disease genes. Because the close relationship between inflammation and various disease phenotypes has been widely accepted 55 , studies of the roles of inflammation in carcinogenesis have emerged. However, systematic studies on the functional links remain in their early stages.
Inflammation contributes to the diverse progression of human complex diseases, such as immunity and cancer. To study the functional cross-links and the underlying mechanisms of their action, we integrated the PPI network, gene-disease information, and inflammation genes to construct a DIN network. By further dissecting topological parameters, such as the shortest paths of the DIN, we found that nodes that are inter-genes are important in the maintenance of the network structure, which is consistent with a previous study 7 . In the present study, we confirmed the topological import- ance of disease genes in the DIN. In addition, we showed that intergenes, as both inflammation and cancer genes, are topologically important. After mapping inter-genes to the PPI network, we computed the FER values between inter-genes and different disease gene sets and then classified diseases as either IRD or NIRD. Based on the two classifications, we further examined the Intimacy of each pair of diseases mediated by inflammation genes. As shown by the results, the Intimacy of IRD was found to be higher than that of NIRD, which is a good indicator of the functional cross-links between inflammation and various disease phenotypes. We comprehensively examined all the disease pairs via ranking them based on the summed Intimacy for each pair (i.e. sum the Intimacy from disease A to B and disease B to A; disease A and disease B belong to one disease pair; Supplementary Table 1 ). In total, we found that there were only one pair of inflammatory diseases that ranked in the top 5 of the table, together with other three pairs of inflammation-related diseases; their connections bridged by inflammation were all confirmed by other researches. In addition to those literature-supported pairs, the remaining pair ranking in the top 5 was newly found by us that might be involved in the bridgeness by inflammation genes in proper conditions (i.e. disease pair of normal variation and metabolic). As shown by the examples of gene modules extracted from the PPI network, inflammation was indeed found to be important in mediating between infection and immunity, as well as between infection and cancer. Collectively, as suggested by the results, our integrated approach could not only recur the connections bridged by inflammation genes between those wellknown inflammatory disease pairs, but also predict new connections, which could therefore help us to study the functional roles of inflammation genes between disease pairs, via their structural importance at the level of network.
Additionally, we also constructed a subpathway-subpathway network based on disease-and inflammation-related subpathways to characterize the cross-links, as illustrated by the two examples of disease-related subpathways mediated by inflammation-related subpathways. Furthermore, this network-based analysis adds a new layer of complexity to the study of human diseases in that it considers inflammation as an important factor in the initiation and progression of diseases.
Methods
Data. A set of inflammation genes was obtained from the Gene Ontology categories ''inflammatory response'' (GO:0006954) and ''regulation of inflammatory response'' (GO:0050727), namely the human inflammation gene set containing 231 genes. The human disease gene set was generated on May 2012 from the Genetic Association Database (GAD, http://geneticassociationdb.nih.gov/), which includes 2831 disease genes corresponding to 18 disease classes. The database 56 is an comprehensive archive of associated genes of human complex diseases and disorders, which also includes summary data extracted from published papers on candidate genes and GWAS studies. The human PPI network (http://www.hprd.org) 57 , which involves 9028 proteins with 35865 high-confidence interactions, is then used to construct DIN. The database seems the most integrated for human proteins in the public domain and widely used in scientific researches 58, 59 .
Fold-enrichment ratio and Intimacy between each disease pair. The foldenrichment ratio (FER) is defined as the ratio between the observed value and expected value (O/E ratio). An estimator is used to measure whether the observed overlap when mapping inflammation genes to the gene set of each disease class is large enough to be significant.
For the given pair of diseases d k and d j with corresponding disease gene sets g k1 , …, g km and g j1 , …, g jn , the Intimacy is defined to describe the contribution of inflammation genes in bridging the connections between disease d k to d j . Considering the disease information passed from d k to d j based on the human PPI network connection, we can define how much d j is influenced by d k by treating genes related to d j as abnormal genes (upregulated or downregulated). Let I(d k R d j ) denote the intensity with which d j is influenced by d k , as follows:
maxfi(g jo ,g kp )g(o~1,2,:::m) ð1Þ
where n is the total number of disease genes of d j and i(g jo ,g kp ) is the Intimacy between the disease pair. By using the network-based method, the shortest path method, we can define i(g jo ,g kp ) from the following transformation:
where d(g jo ,g kp ) is the shortest path length between g jo and g kp .
Generation of random networks. The PPI network was randomized 1000 times using edge permutation, with the degree corresponding to each node in the original PPI network kept unchanged. The edge permutation approach has been widely applied on various kinds of networks to generate randomized networks 60 . All 1000 random PPI networks were used to construct 1000 random DINs via mapping inflammation and disease genes to those random PPI networks and then extracting the maximal connected component, separately.
Random test and statistical analysis. In order to compute the significance of Intimacy bridged by inflammation genes, we constructed 1000 random pseudoinflammation gene sets. Each pseudo-inflammation gene set contained the same number of genes as the real inflammation gene set, and each pseudo-inflammation gene had the same degree as the real one. Given a pair of diseases, we computed the real Intimacy bridged by the real inflammation gene set, and then computed a random distribution of Intimacy values using the 1000 pseudo-inflammation gene sets. Subsequently, we could define the significance of the Intimacy for the pair of diseases, via comparing with the random distribution of Intimacy.
The significance of the overlap between inflammation genes and disease genes against nodes of the human PPI network, and the overlap between gene sets from different subpathways, were computed by hypergeometric distribution as follows:
considering that a set of N elements has two subsets with m and n elements, respectively. We calculated the probability of containing at least k overlapping elements using the formula.
Construction of subpathway-subpathway network. We used the method that has been incorporated into the CRAN package iSubpathwayMiner (http://cran.r-project. org/web/packages/iSubpathwayMiner/) to identify the disease-related subpathways. In this method, the subpathway regions were located by lenient distance similarity of signature nodes within the pathway structure. Subsequently, we used hypergeometric test to identify disease-related subpathways.
